The rate of evolution of macromolecules such as ribosomal RNAs and proteins varies along the molecule because structural and functional constraints differ between sites. Manv studies have shown that ignoring this variation in computing evolutionary distances leads to severe underestimation of sequence divergences, and thus can lead to misleading evolutionary tree inferences. We propose here a new parsimony-based method for computing evolutionary distances between pairs of sequences that takes into account this variation and estimates it from the data. This method applies to the number of substitutions per site in ribosomal RNA genes as well as to the number of nonsynonymous substitutions per codon for protein-coding genes and is especially suitable when large data sets (1100 sequences) are analyzed. First, starting from a phylogeny constructed with usual distances, the maximumparsimony method is used to infer the distribution of the number of substitutions that have occurred at each site (or codon) along this tree. This distribution is then fitted to an "invariant + truncated negative binomial" distribution that allows for invariant sites. Maximum-likelihood fitting of this distribution to different data sets showed that it agreed very well with real data. Noticeably, allowing for invariant sites seemed to be very important. Finally, two distance estimates were developed by introducing the distribution of site variability into the substitution models of Jukes and Cantor and of Kimura. The use of different numbers of aligned sequences (up to 1,000 rRNA sequences) showed that the parameters of the model are very sensitive to the number of sequences used to estimate them. However, if at least 100 sequences are considered, the two new distance estimates are quite stable with respect to the number of sequences used to fit the distribution. This stability is true for low as well as for high evolutionary distances. These new distances appeared to be much better estimates of the number of substitutions per site than the classical distances of Jukes and Cantor and of Kimura, which both greatly underestimate this number, so that they can serve as indexes to detect saturation. We conclude that the new distances are particularly suitable for phylogenetic analysis when very distantly related species and relatively large data sets are considered. Trees reconstructed using these distances are generally different from those constructed by means of the classical estimates. Using this new method, we showed that the mean evolutionary distance between Prokaryotes and Eukaryotes is substantially higher for the small-subunit than for the large-subunit rRNAs. This suggests than the former might have experienced a drastic change during the early evolution of Eukaryotes.
Introduction
Several studies have shown that, in nearly all constrained molecules examined (i.e., molecules that have a biological function, such as rRNAs and proteins), the substitution rate varies over sites (Uzzell and Corbin 1971; Golding 1983; Holmquist et al. 1983; Van De Peer et al. 1993; Wakeley 1993; Sullivan, Holsinger, and Simon 1995; Yang 1995) . In other words, in these molecules, the probability of sustaining a substitution is different for different sites (nucleotide as well as amino acid sites). This can be explained by the fact that in such molecules, the selective and functional constraints are not the same in different parts of the molecule, depending on the role of these regions for the activity of the molecule.
Other studies and simulation experiments have revealed that rate variation among sites is a very important issue in the framework of phylogenetic inference, by showing that ignorance of this variation leads to underestimation of transition/transversion rates (Wak-eley 1994) and of evolutionary distances and branch lengths (Jin and Nei 1990; Ota and Nei 1994; Tateno, Takezaki, and Nei 1994) . The latter problem can drastically affect tree reconstruction with distance matrix methods (Olsen 1987; Jin and Nei 1990; Tateno, Takezaki, and Nei 1994; Van De Peer, Van Der Auwera, and De Wachter 1996) . This underestimation is probably due to overlooking some of the numerous multiple substitutions that have occurred at fast-evolving sites, and this effect is stronger for very distantly related sequences (Golding 1983; Jin and Nei 1990; Tateno, Takezaki, and Nei 1994) . Particularly, ignoring among-site rate variation can have drastic effects for reconstruction of universal trees (Yang and Roberts 1995) . This report will mainly concern rRNA and protein sequences belonging to all three domains of life.
Many authors have shown that a gamma distribution seems to be an appropriate distribution with which to model the variation of the substitution rate over sites (Uzzell and Corbin 1971; Golding 1983; Wakeley 1993; Yang 1994; Yang, Goldman, and Friday 1994) . Thus, the gamma distribution has been introduced in evolutionary distance estimates (Golding 1983; Nei and Gojobori 1986; Jin and Nei 1990; Tamura and Nei 1993; Ota and Nei 1994; Rzhetsky and Nei 1994) . The gamma distribution is characterized by a shape parameter (x, which is inversely proportional to the extent of variation. In order to compute corrected distances, one must estimate the value of this 01 parameter from the data. For this and, more generally, to analyze rate variation among sites, two approaches have been used. The first is the parsimony-based approach. Here, the maximum-parsimony method (Fitch 1971 ) is used to infer the minimum number of substitutions required at each site to explain a given phylogeny. If the substitution rate per site follows a gamma distribution with parameter OL, the number of substitutions per site follows a negative binomial distribution with the same parameter cx (Johnson and Kotz 1969, pp. 124-125, 184) . The goal is then to fit a negative binomial distribution to the observed distribution of changes (Uzzell and Corbin 197 1; Golding 1983; Holmquist et al. 1983; Wakeley 1993) .
The second approach is the likelihood-based approach. Here, the density function of the gamma distribution is directly included in the likelihood function associated with a given nucleotide substitution model, and the parameters of the model are estimated by maximizing the likelihood function (Yang 1993 (Yang , 1994 Gu, Fu, and Li 1995) .
The great advantage of the parsimony-based analysis is that it can be done with a much larger number of sequences compared to maximum-likelihood algorithms, which are limited for reasons of computation time to only four or five sequences (Yang 1993) . On the other hand, maximum-likelihood estimates of (x appear to be more reliable (Yang and Kumar 1996) .
Recently, Gu, Fu, and Li (1995) , using the likelihood-based approach, have proposed an "invariant + gamma" model to represent the substitution rate heterogeneity among nucleotide sites. This model assumes that a fraction 8 of sites is invariant, while among variable sites, substitutions are gamma-distributed. This model is more realistic than models that consider just a simple gamma distribution because it has been known for a long time that some sequence positions do not vary between species and that the number of substitutions inferred through sequence comparisons can be seriously underestimated if these invariable sites are ignored (Hasegawa, Kishino, and Yano 1985; Fitch 1986; Palumbi 1989; Shoemaker and Fitch 1989) . In this report, we present a similar model based on the parsimony approach. In our model, some nucleotide sites are allowed to be invariable while a truncated negative binomial distribution models the distribution of the number of substitutions among variable sites. The first aim of this article is to describe this model and the process of data fitting. Using different sets of small-subunit ribosomal RNA (SSU rRNA) and protein-coding sequences we will show that this model can fit real data very well. We have included in the nucleotide substitution models of Jukes and Cantor and of Kimura the "invariant + truncated negative binomial" model of rate variation among sites and derived corresponding evolutionary distance expressions. To present a detailed description of how to compute these distances is the second purpose of this article.
Using progressively larger data sets (up to 1,000 SSU rRNA sequences), an analysis only possible in the parsimony framework, we also show that the values of the shape parameter and of the proportion of invariant sites vary greatly with the number of species under consideration. However, the new evolutionary distance estimates are relatively stable regardless of the parameter values, except for small data sets. These new distances turned out to be useful to detect multiple changes in sequences.
As an example of application of our method, we have compared the substitution rate of the SSU rRNA with that of the large-subunit ribosomal RNA (LSU rRNA), two molecules that are widely used for phylogenetic reconstructions and have been proven to exhibit marked among-site rate variation (Van De Peer et al. 1993; De Rijk et al. 1995) . We will show that, in Eukaryotes, the former has accumulated substantially more substitutions than the latter.
Data and Methods

Data Sets
rRNA Sequences
A comprehensive set of aligned SSU rRNA sequences and a set of LSU rRNA sequences were extracted from the rRNA database at Antwerp (De Rijk, Van De Peer, and De Wachter 1996; . These sets comprise species belonging to all three domains of life, Bacteria, Archaea, and Eukarya (Woese, Kandler, and Wheelis 1990) , and were used to construct universal phylogenies.
Small-subunit rRNAs have been sequenced in a very large number of organisms so that they provide a useful tool for studying the behavior of the model regarding the number of species used. A second set of prokaryotic SSU rRNA comprising bacterial, archaeal, and chloroplastic sequences was extracted from the RDP database at Urbana (Maidak et al. 1996) .
Partial sequences, duplicate sequences from the same species, and sequences containing many undetermined nucleotides were removed from data sets. Regions where the alignment was ambiguous were excluded. For universal SSU and LSU alignments, regions close to those defined by De Rijk et al. (1995) were chosen. Gap-containing sites were generally excluded. However, when large multiple-sequence alignments are used, many gaps placed in one or a small number of sequences appear, so that exclusion of all these sites reduces considerably the total number of retained sites. Therefore these isolated, scattered gaps were replaced by undetermined nucleotides (N's) for the purpose of parsimony computations only. This treatment left 898 and 1,098 positions for phylogenetic analysis for a universal set of 1,000 SSU rRNA sequences (648 Eubacteria, 54 Archaea, and 298 Eukaryotes) and a prokaryotic set of 1,095 SSU rRNA sequences (1,041 Eubacteria and 54 Archaea), respectively. The total proportion of N's remained reasonably small (in average, there were 5 N's per sequence in the universal set and 8 N's per sequence in the prokaryotic set). For LSU rRNAs, the final set contained 143 sequences (97 Eubacteria, 16 Archaea, and 30 Eukaryotes) and 1,853 sites, with a mean of 4 N's per sequence. One hundred two species (60 Bacteria, 16 Archaea, and 26 Eukarya) common to Table 1 Construction
of the Starting Phylogeny Analyzed Sets of Protein-Encoding Genes
For each set of sequences, evolutionary distances between sequence pairs were computed using the twoparameter distance of Kimura (1980) . For protein-coding genes, numbers of nonsynonymous sites and of nonsynonymous transitions and transversions were computed according to the method of Nei and Gojobori (1986) . For rRNA sequences, all positions where an ambiguity character (N, R, Y) was present in one of the two sequences under consideration were ignored, except in the few cases where a transversion event could be inferred with certainty. Positions with a purine in one sequence and a pyrimidine in the other were in this situation. A tree topology was then inferred by the neighbor-joining method (Saitou and Nei 1987) as modified by Studier and Keppler (1988 the universal SSU and LSU r-RNA sets were employed to compare the substitution rates of the two molecules. Subsets of SSU rRNA sequences have been constructed by randomly selecting sequences from the preceding subset. Eight universal sets comprising 20, 30, 50, 100, 300, 500, 700, and 1,000 sequences and eight sets comprising 20, 30, 50, 100, 300, 500, 700, and 1,095 prokaryotic species were constructed. Universal data sets were made so that representatives from each of the three domains of life were present in each subset. Likewise, each subset of prokaryotic sequences contained bacterial and archaeal species. Among currently available prokaryotic SSU rRNAs, a great number come from Proteobacteria and Gram-positive bacteria so that the phylogenetic distribution of sequences is relatively unbalanced toward these groups in large subsets, whereas the sampling is more homogeneous in small ones. The same 898 positions for universal subsets and the same 1,098 positions for prokaryotic ones were used whatever the subset size, so that results obtained with each subset are comparable.
Protein-Coding Genes
Three protein genes sequenced in the three domains of life were analyzed (table 1). Only nonsynonymous substitutions, i.e., DNA changes that induce amino acid changes in the corresponding protein, were considered. Indeed, due to less selective pressure, synonymous substitutions, which do not change the amino acid, evolve at a much faster rate than nonsynonymous ones, and are saturated when very large evolutionary distances are considered.
Parsimony Analysis of the Data Sets
For each data set described above, a four-step parsimony-based analysis of the substitution rate variation among sites was conducted. The four steps are as follows: (1) Construction of a phylogeny using Kimura's two-parameter distance (that does not take into account rate variation among sites) followed by the neighborjoining tree-building method. (2) Evaluation of the previous phylogeny by the maximum-parsimony method to count the minimum number of changes required at each site along this tree. (3) Fitting of the "invariant + truncated negative binomial" model to the distribution of the number of substitutions per site computed in the second step. This gives the estimated values of the model parameters. (4) Computation of the new corrected distances (that take into account rate variation among sites). We now detail each step.
Estimation of the Number of Substitutions
For rRNA sequences, the minimum number of substitutions required at each site to explain the tree topology was computed using the user-tree option of the DNAPARS program of the PHYLIP package (Felsenstein 1993) . Undetermined nucleotides were taken into account since the parsimony algorithm allows for such ambiguities. For nucleotide sequences of protein genes, the maximum-parsimony method was used to infer the number of nonsynonymous substitutions for each codon by applying the user-tree option of the PROTPARS program of the PHYLIP package. In computing this number, nonsynonymous changes at the three positions of the codons have been considered. To do this, we have slightly modified the PROTPARS program, designed for protein sequences, so that it could read nucleotide sequences. A similar analysis of protein-coding genes had been conducted by Holmquist et al. (1983) . The distribution of the number Itk of sites (codons) showing k substitutions (nonsynonymous substitutions) was then obtained.
Fitting of the Model to the Observed Distribution of Substitutions
The gamma distribution is characterized by a shape parameter cx and a scale parameter l3, and its probability density is
where A is the substitution rate per site. Assuming that, for any given site (or codon), the probability of sustaining a change remains constant over time, the number of changes occurring at this site follows a Poisson distribution with parameter X. Moreover, if A varies according to a gamma distribution over sites (or codons), the number of substitutions per site (or codon) follows a compound Poisson X gamma distribution which is a negative binomial with shape parameter cx and scale parameter p (Johnson and Kotz 1969, pp. 124-125, 184) . According to this distribution, the probability that a site will sustain k mutations is:
294 Tourasse and Gouy universal sets of SSU rRNAs b Computed with equation (14) in appendix.
c Computed with equation (12) (II,) and corrected (0~~) trees using progressively larger subsets of SSU rRNA sequences. For each subset, the difference between the initial and corrected trees (black squares) is measured by the distance of Robinson and Foulds (198 l) , equal to the number of internal branches present in one tree and absent in the other divided by the number of internal branches per tree. more frequent than transversional changes; therefore, these genes are mainly saturated by transitions.
Discussion
In this report, we used the maximum-parsimony method to infer the number of substitutions per site in sequences related by a tree and we proposed a composite model to represent the variation of this number over sites. This model was applied to the number of substitutions per site in nucleotide sequences of genes that do not code for protein, such as ribosomal RNAs, as well as to the number of amino-acid-changing substitutions per codon in protein-coding nucleotide sequences. This model permits that some sites (or codons) in the sequences do not change, and assumes that evolutionary changes are distributed according to a truncated negative binomial distribution.
The fitting of the model to real data has shown that it can agree very well with a great variety of observed distributions, i.e., exponential-like or bell-shaped distributions. The flexibility of the model is due to the fact that the negative binomial distribution is composed of two parameters: parameter 01 determines the shape of the distribution, whereas p is a scaling parameter. The fact that the "invariant + truncated negative binomial" model can fit real data suggests that it is somewhat realistic. In particular, the introduction of invariant sites seems to be a very important point: the shape of some observed distributions, such as those presented in figure lb, d, and J do not correspond at all to shapes that can be generated by a simple negative binomial. To fit these distributions, it is clearly necessary to add invariable sites. Indeed, Uzzell and Corbin (197 1) and Holmquist et al. (1983) , who fitted simple negative binomial distributions to observed data, had to exclude some invariable sites from the distributions to maximize the fit. Furthermore, Reeves (1992) has shown that allowing some amino acid sites to be invariant vastly improves the fit of maximum-likelihood models of amino acid substitution.
In the course of our work, we have observed that an invariant + complete (i.e., nontruncated) negative binomial distribution agrees very well with many distributions obtained with 100 or less sequences (all those of fig. 1 except fig. lb ). But this model does not fit well distributions obtained using several hundreds of sequences (like that presented in fig. lb ), which can be fitted only by an invariant + truncated model. This latter distribution turned out to be very efficient to fit various data sets, small or large. Although many authors (Uzzell and Corbin 1971; Holmquist et al. 1983; Sullivan, Holsinger, and Simon 1995) have shown that a nontruncated negative binomial distribution could serve to model some observed distributions, we conclude that the "invariant + truncated" model is of more general use.
As already mentioned, if the substitution rate follows a gamma density, the number of substitutions follows a negative binomial distribution.
In this study, we have worked at the level of the number of substitutions and have not proposed a distribution for the substitution rate per site A. But, in choosing a negative binomial distribution, we implicitly assume that its distribution is close to a gamma distribution.
In fact, we can imagine that the distribution of h, as far as rRNAs are concerned, could be close to the "invariant + gamma" distribution proposed by Gu, Fu, and Li (1995) in their maximumlikelihood analysis of the substitution rate heterogeneity among nucleotide sites.
As shown by Wakeley (1993) , the use of the parsimony method can lead to an underestimation of the actual number of changes that occurred at each site because this approach does not allow for multiple substitutions, and this underestimation is larger for the most variable sites. Wakeley demonstrated by simulations that this bias induced overestimates of the shape parameter of the negative binomial distribution. However, the most variable sites have the lowest probabilities of occurrence ( fig. l) , so that they contribute weakly to the total likelihood, and, therefore, they have no major influence on parameter estimation. We have verified this by grouping together the last points in some distributions: this has no effect on the values of the estimated parameters. Fur-thermore, we expect that the bias due to the parsimony approach becomes weaker as the number of sequences examined becomes larger, because, in a large data set, a large number of intermediate sequences ensures a better estimation of the mutability of each site (see also below).
By using SSU rRNA data sets of different sizes, we have shown ( fig. 2 ) that the shape parameter (x and the proportion of invariable sites 8 are strongly linked to the number of species that have been used to estimate them. More precisely, cx and 8 decrease when the number of species increases. This can be interpreted in terms of the genetic diversity of the data set. When new sequences are added, the genetic diversity of the data set increases and one notices that (1) some sites are in fact variable whereas they appeared to be invariable in the smaller data set, this explaining why 8 decreases, and (2) among variable sites, some appear to have sustained more changes than inferred with a smaller number of species because of the lack of intermediate sequences. Thus, the extent of variation of the substitution rate increases, and therefore the value of parameter cx decreases, with the number of sequences. When a very large number of sequences is used, the variability contained in the data set gets closer to the actual variability and the parameters tend therefore to stabilize.
Given the above results, we conclude that it is not possible to use the values of OL and 8 estimated by parsimony to characterize the heterogeneity of the substitution process in a given molecule, unless a very large number of sequences is studied. It has been shown, both by comparison with parsimony methods (Yang and Kumar 1996) and by simulation studies (Gu, Fu, and Li 1995) , that estimates of the (x parameter of the gamma distribution inferred by maximum-likelihood algorithms seem to be reliable, even if these analyses are based on only four or five sequences. Nevertheless, these methods are also sensitive to the number of sequences used. For example, Yang and Wang (1995) , who tried to predict the substitution rate at each site of homologous nucleotide sequences using a maximum-likelihood model which incorporated a gamma distribution, pointed out that the number of sequences was the most influential factor affecting the parameter estimates and the prediction accuracy. Thus, it appears that the shape parameter of the distribution one uses to model the variation of the substitution rate among sites is clearly dependent on the number of species, regardless of the estimation method and the model distribution.
In contrast, the evolutionary distance estimates presented here depend only moderately on the number of sequences used ( fig. 3 ). This fact is essential in the framework of phylogenetic inferences because it allows use of these distances to build phylogenetic trees from a moderate number of sequences. This method works very well if 100 or more sequences are considered, although reasonable distance estimates can be obtained with at least 50 sequences. For very small data sets (i.e., comprising 10 sequences or less), the distribution inferred by parsimony is made of only a few points so that the parameters of the model are very greatly overestimated and the resulting evolutionary distance is not reliable. The two new distances have been derived by introducing the "invariant + truncated negative binomial" model into the nucleotide substitution models of Jukes and Cantor and of Kimura. The new distances should be particularly suitable for constructing universal phylogenies because these trees include very distantly related sequences and it is in such sequences that the misleading effects of rate variation among sites and multiple substitutions are strongest (Golding 1983; Jin and Nei 1990; Tateno, Takezaki, and Nei 1994; Yang and Roberts 1995) .
We have shown ( fig. 4) that the new distances detect many more substitutions, particularly with transitions ( fig. 5) , than do the classical formulae of Jukes and Cantor (1969) and of Kimura (1980) . The reason for this is that the new method takes into account the numerous changes that have occurred at fast-evolving sites. Therefore, this method is very useful to detect whether sequences are saturated with substitutions.
For example, we have demonstrated that this is true for SSU rRNAs (see below).
As mentioned in Data and Methods, the proportion of bacterial species belonging to the Proteobacteria and to the Gram-positive phyla increases with the size of our data sets. Nevertheless, the observed stabilization of evolutionary distances is not an artifact due to this sampling bias. The taxonomic bias is large only when hundreds of sequences are used, but distances computed using sets of 50-100 sequences, which are relatively taxonomically homogeneous, are the same as those obtained with the largest sets. However, species sampling may have a more serious effect if small data sets are taxonomically
biased. For almost all tested data sets, trees derived from the new distances were different from those built using the classical estimates ( fig. 6 and other trees not shown). The extent of topological differences varied between data sets. Sometimes, they can be very profound, as for most of the data subsets presented in figure 6 , for which the branching order between prokaryotic and eukaryotic phyla is modified (topologies not shown). However, the distribution parameters estimated from the starting and "corrected" topologies are very close to each other ( fig.  6 ). This indicates that the topology of the starting tree does not greatly influence the estimation of the model parameters (a totally random initial tree would not have this property, though). For small data sets (130 sequences), the sensitivity of the parameters to the evaluated topology can be a bit stronger because in these cases the distributions of changes are short. For a given set of sequences, the four-step analysis we have presented here must be repeated as an iterative process until two successive topologies are identical. We found that one, and rarely two, iterations sufficed in all tested cases even if a large number of sequences are processed.
In all tested cases the number of substitutions inferred by parsimony was greater for the corrected tree than for the starting topology (data not shown). Therefore, the "true" phylogenetic tree is probably not the most parsimonious one.
The use of distances corrected for rate variation among sites has indicated that the SSU rRNA seems to be saturated with substitutions for Eukaryote/Prokaryote comparisons (table 2) . Woese (1987) and Olsen and Woese (1993) concluded that the SSU rRNA is very useful for reconstructing universal phylogenies because it is a conserved molecule and seems to have a clocklike behavior. The average distances between the three kingdoms of life that we have calculated suggest that in this molecule a relatively large proportion of sites undergo numerous changes. In contrast, the substitution rate of the LSU rRNA appears to be about 30% slower than that of the SSU rRNA, so that the largest evolutionary distances are around one substitution per site. Consequently, LSU rRNAs appear to be more suitable than SSU rRNAs for reconstructing universal phylogenies. Of course, any distance value depends on the choice of sites retained for analysis, so that more restrictive choices would yield smaller distances at the expense of phylogenetic resolution. The fact that the Eukaryote/ Prokaryote distances are higher for SSU rRNA than for LSU rRNA, while the distances between prokaryotic (i.e., archaeal and bacterial) species are similar (table 2), suggests that SSU rRNA might have undergone a drastic change during the early evolution of the Eukaryotes.
Computer Programs
The present analysis was performed using three computer programs written in the C language. They are available on request. One program computes the observed distribution of the number of substitutions inferred by parsimony, another estimates the values of model parameters by maximizing the likelihood of the model, and the third computes the new evolutionary distance estimates. For large (~100 sequences) data sets, the computation time required by these three programs is much smaller than that needed to build trees by neighbor joining; for small data sets, all steps are performed in a few seconds.
APPENDIX
Jukes-and-Cantor-like Distance
According to Jukes and Cantor (1969) , if all substitutions occur at rate h per unit time, the probability that two homologous sites exhibit the same nucleotide in two sequences having diverged t time units ago is
The distribution of the number of substitutions per site in the whole tree is modeled here by the distribution p(k), given in equation (1). The mean of this distribution, itree, equals the observed average number of substitutions per site in the whole tree. For a given pair of sequences, the distribution of the number of substitutions per site between them has an unknown mean, &air, such that at a site where k substitutions occurred in the whole tree, the expected number of substitutions between the two members of the pair is Using the generating function of the negative binomial distribution (Feller 1966, p. 253) , one can obtain:
where v = (1 + B)*
By definition, the evolutionary distance d between two sequences is the expected mean number of changes that have occurred per site since divergence of the sequences, i.e., d = 2Lpairts Therefore, replacing t by d/ (2X,,,) in equation (4) and using equation (5) 
For nucleotide sequences, Q is estimated by the observed proportion of identical bases in the two sequences. For protein-coding genes, it is the complement to 1 of the proportion of nonsynonymous substitutions at nonsynonymous sites, computed using Nei and Gojobori's (1986) method.
Kimura-like Distance
An analogous distance based on the two-parameter model of Kimura (1980) , which distinguishes transitions from transversions, can be derived. According to this model, the proportions of transitional (u) and transversional (v) differences between two sequences having di- 
In eqs. (9) and (1 l), P and 0 are estimated by the observed proportions of transitions and transversions (or nonsynonymous transitions and transversions per nonsynonymous sites in protein genes), respectively. Finally, the overall evolutionary distance d between two given sequences, defined by d = 2Xpirt = 2CTpiJ + 4bpairtp is obtained by
computed by eqs. (9) and (11). The expected mean number of transversions that have occurred between sequences (i.e., the transversional part 0fd)is dv = 4bpiJ = 2d,, the two (13) and the expected mean transitional distance) is number of transitions (i.e., the du = 2dpirt = d2 -dl m (14)
